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To achieve the full potential of IRT models, many methodological issues must be addressed, including those raised by Hays et al 1 and McHorney and Cohen. 2 In responding to these authors, we have chosen to emphasize the practical implications of IRT models, particularly their usefulness for purposes of computerized adaptive health assessments. We briefly summarize ongoing efforts to calibrate and dynamically administer widely used measures of headache impact, note similarities and differences in our analytic approaches, and comment on the implications of IRT methodology.
Item Pool Development
Our first public test of new IRT models and dynamic health assessments was offered to headache sufferers because many are undiagnosed and untreated. It was hoped that an accurate and user-friendly report of headache impact would be useful to patients and those who treat them. To benefit as much as possible from prior work and to maintain comparability of scores with current questionnaires for measuring headache impact, our Headache Impact Test (HIT) uses all items from 4 widely used measures of headache impact (see Appendix A for examples of items and Appendix B for methods). These items were included in a "pool," along with new experimental items constructed on the basis of secondary analyses of data from clinical trials instruments. 3 Alternate forms were administered to a representative sample of 1,016 US headache sufferers (see Appendix B for methods). Our analyses were performed in 5 steps, as summarized briefly below (see Table 1 for a comparison of our strategy with those of Hays et al and McHorney and Cohen).
Factor Analysis
Like items studied by McHorney and Cohen, our headache items utilized multiple response categories that are usually superior to dichotomous items for measuring health status. Accordingly, our psychometric analyses incorporated methods appropriate for polytomous items. As noted by Hays et al and McHorney and Cohen, factor analysis is very useful in testing the assumption of unidimensionality underlying IRT. How-ever, we prefer to use modern methods for factor analysis of categorical data. 4,5 Today, these methods have achieved the efficiency necessary for sample sizes typically available for IRT work. 6, 7 For well-established measurement models, we advocate confirmatory factor analysis methods. We judge the adequacy of the proposed measurement model from the residual correlations, the overall fit of the model, eigenvalue analyses, and theoretical considerations. By specifying a series of nested models, we can test model modifications through likelihood ratio tests. Typical problems detected by these methods are several factors (If the interfactor correlations are low, each factor should be assessed by a separate scale), items that do not load on the overall factor (and should be excluded from the item pool), or items with very high residual correlations, often caused by similarities in wording or content. The problems of such basically redundant items can be solved by excluding superfluous items from the item pool or by estimating item parameters from 1 item at a time and making sure that only 1 of the items is used in later assessments.
Our factor analyses of polychoric correlations among HIT items used the Mplus software. 6 Correlations among 53 items ranged from 0.51 to 0.89, with a median of 0.78; our first factor explained 60%, and a second factor explained 4% more. With the use of a confirmatory approach, item groupings (scales) proposed by their developers were very highly correlated within and across the original questionnaires. Thus, a single-factor headache impact model was adopted.
IRT Modeling
As McHorney and Cohen note, IRT methodology can help evaluate whether response options are sufficiently distinct and understandable. We perform such evaluations early on using nonparametric methods. 8, 9 Response options are adjusted accordingly, to ease the IRT modeling. As in our earlier work, 3 some HIT items required collapsing of response categories. We identified poor items:
(1) from the results of factor analysis, (2) by irregular item characteristic curves (trace lines), (3) by instability of item parameters across subgroup IRT analyses, or (4) by large residuals in item fit analyses. Before discarding an item from the "pool," we advocate determining the reasons for poor item functioning. We encourage McHorney and Cohen to examine the items for which they observed weaker discriminations to test for poor fit. However, the exclusion of poorly fitting items may lead to a slightly narrower definition of the concept being measured.
In our IRT work, we primarily use the partial credit model (PCM) 10 and the generalized partial credit model (GPCM) 11 to integrate 2 distinct measurement traditions. The PCM, a member of the Rasch family, requires that all items have equal discrimination (ie, equal slope of the item characteristic curve). 12 Rasch models are the most parsimonious IRT models, and they have distinct advantages in terms of interpretability and mathematical tractability. 10,12-14 While the Rasch models can be estimated without making assumptions about how health is distributed in the population, 15 other IRT models need such assumptions. However, the assumption in Rasch models of equal item discriminations is often violated in empirical data. Other IRT models allow each item to have a separate slope. Two popular IRT models are the GPCM and the graded response model (GRM). As hinted at in the articles by Hays et al, 1 McHorney and Cohen, 2 and Cella and Chang, 16 psychometricians debate the choice between a Rasch or a more general IRT model. Some maintain that the measurement principles leading to the Rasch model are so important that they are the only sensible models for scale analysis, that misfit of the Rasch model is indicative of measurement problems (eg, items that do not fit the construct), and that the more elaborate models, like the GPCM and the GRM, do not yield stable or indeed sensible results (Reference 12 gives the general rationale for preferring the Rasch model). Others prefer to use the IRT model that best fits the data at hand and argue that the properties of the Rasch models do not justify giving them a special status among IRT models and that it is a nonoptimal use of data to discard items that do not fit the Rasch model. Our strategy has been to use Rasch-type models like the PCM, when there is a reasonable fit to the data, to take advantage of their strengths in estimation and interpretation. In particular, we pursue a Rasch-type model when the distribution of health is not well characterized (eg, when many respondents choose the best possible answer on all items in a scale). However, when an item pool does not fit the PCM but appears to be unidimensional and fit a more general IRT model, we use such a model. In these situations, we have used the GPCM rather than the GRM chosen by McHorney and Cohen. Because the GPCM is a generalization of the PCM, the item threshold parameters have the same interpretation in the 2 models. Furthermore, because the PCM and GPCM are nested, 17 their fit can be compared using likelihood-ratio tests. The GRM and the GPCM have many similarities: both have parameters for item discrimination and for response choice "thresholds." For practical purposes, the GPCM will have adequate fit to a data set when the GRM has adequate fit and vice versa. 18
Item Pool Calibration
We frequently use the concurrent calibration approach discussed by McHorney and Cohen, but in contrast to McHorney and Cohen, we first establish links to the original items. The benefit is that all items can be calibrated on a common metric so that we are able to compare our results with results from previous studies. The advantages of calibrating items without modifications are illustrated in Figure 1 and in Table 2 . Figure 1 shows the ranges covered by each of the 4 HITs. Practical implications include ceiling and floor effects. For example, among headache sufferers, 54% scored at the ceiling (best possible score) on the Migraine Disability Assessment Score (MIDAS) scale.
Another advantage of calibrating the original items is illustrated in Table 2 , which presents a preliminary conversion table for the 4 HITs with each other and with the "criterion" score (the IRT-based score using all items, rescaled to a mean of 50 and an SD 10 for ease of interpretation). Some of the reasons for widespread confusion in the literature regarding the interpretation of headache impact measures are apparent in 
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Note that computerized dynamic estimates based on only 5 items are within 1 to 4 points of throughout the scale range.
Like the previous presenters, we evaluate measurement precision using the item information functions that are computed from the item parameters. Scale or test information functions are calculated by the sum of the item information functions for the items in a scale. 19 We use the test information functions to identify score levels at which measurement precision is inadequate, and we focus item development on these levels. For example, Figure 2 shows this function for the 53 headache impact items in the current HIT pool. The implications of concentrating items well below the mean (shown in Figure 1 ) are apparent in Figure 2 . These measures provide 3 times more information at 2 SDs below the mean than at the mean.
Empirical Validity
Although measures constructed with modern psychometric methods theoretically are superior to traditional measures, it is essential to demonstrate this advantage and its implications in practice. Compared with educational testing, health outcomes research has the advantage of a large number of "criterion"variables and numerous data sources. We should take advantage of them. Pending the completion of analyses of longitudinal HIT data, for example, we have been reanalyzing data from randomized controlled trials. In comparison with a classic method, preliminary results demonstrate the superiority (in terms of increased statistical power) of headache impact scores based on an IRT model for purposes of detecting differences in treatment outcomes in a clinical trial. 3 As summarized in Appendix B, our design for HIT studies includes the collection of follow-up data. These data are being used to test stability of item parameters over time and to test the responsiveness of the measure.
Norm-Based Scoring
A very important part of our measurement strategy is the collection of norms for use in norm-based scoring. Scales based on IRT typically have their origin and unit of measurement defined by the sample on which the item parameters were estimated. While patient data are a convenient source for developing measures, the interpretation of results and comparisons with results from other sources require that scale units be transformed to a more general metric. For generic concepts, we are defining the units by the general population. For disease-specific concepts, units are being based on a well-defined patient population. For example, the HIT item pool was calibrated to have a mean of 50 and an SD of 10 among representative headache sufferers sampled from the adult US population.
Logistics of Computerized Dynamic Health Assessments
As illustrated in Figure 3 , which is adapted from Wainer et al, 20 computerized adaptive tests begin with an initial estimate of the respondent's score (step 1). The current version of our Dynamic Health Assessment (DynHA) software bases this estimate on the response to the same initial global question that is asked of all respondents. The question was selected to cover a very wide range (ϳ60% of the range covered by the HIT item pool) and to discriminate well on the basis of previous studies. 21 The response to the first item is used to select the most informative item from the pool, which is administered at step 2. The answer is used at step 3 to reestimate the score. At step 4, a respondent-specific CI and indexes of response consistency are computed. At step 5, the computer determines whether the score has been estimated within a preset standard of precision based on the CI. For Internet tests to date, DynHA was programmed to match the precision standard to the specific purpose of measurement for each patient. For example, for moderate and severe scores, which are most likely to qualify a patient for disease management, items are administered until the highest level of precision is achieved. Once the standard is met, the computer either begins assessing the next concept or ends the battery. The DynHA system is documented, and dynamic versions of HIT and generic health measures are demonstrated elsewhere (www.qmetric.com and www.amIhealthy.com).
Results of the Dynamic Simulation
The first evaluation of DynHA algorithms used simulation methods to test the accuracy of dynamic scores and estimate the extent of reductions in respondent burden likely to be gained with dynamic assessments. For these purposes, we compared scores based on DynHA assessments with scores based on each of the 4 headache instruments, as well as estimated from all 53 items in the pool (n ϭ 1,016 headache sufferers; see Appendix B). We explored stopping rules using measurement precision (as described above) and stopping rules using a set number of 5 items (results reported in Table 2 and below). Correlations between scale score estimates based on the developer's algorithms and ranged from 0.54 to 0.90; the correlation with was 0.94 for HIT scores estimated dynamically from Յ5 items. Scatter plots for 3 of these estimates (HIMQ, MIDAS, and HIT) are shown in Figure 4 . These correlations were high for all measures except MIDAS (r ϭ 0.54), as reported elsewhere. 21 The practical implications of dynamic estimates of headache impact are apparent from the number of respondents achieving a reliable score, ie, with a measurement error of Յ5 points, using only 5 items in the simulation study. This standard of precision was met for 99% and 98% of those with migraine headache and severe headache, respectively, in the simulation. Of course, these estimates assume that answers would have been the same in response to dynamically administered questions compared with questions embedded in source instruments.
Internet Pilot Test Results
Substantial reductions in respondent burden estimated from the simulations are supported by results from the first public test of HIT on the Internet. During the first 2 months of this test on the "www.amIhealthy.com"Web site, Ͼ10,000 dynamic administrations were completed by headache sufferers. For 70% of these, Յ5 items were required to estimate scores within our prespecified CI, which varied from Ϯ5 to Ϯ15 for severe and least severe impact, respectively.
Conclusions and Recommendations
The advantages of standardizing the metrics used to assess a core set of health concepts and a strategy for constructing alternate forms that are comparable across applications were noted early in this decade. 22 For each concept, it was proposed that alternate forms vary in length according to the precision required for each application. For comparability, short forms would be embedded in longer forms. All forms, including the global single-item measure included in the largest general population survey, would be scored on the same metric.
At the time of this proposal, unfortunately, many of us were still learning about the psychometric tools necessary to establish common met- health outcomes field have embraced IRT (see also the work by Fisher et al 23 and Raczek et al 24 ). These articles exemplify the application of IRT to health outcomes research. Although Hays et al 1 focused on dichotomous IRT models, which in our opinion will prove less useful than polytomous models, the authors call attention to important topics that are relevant to all models, including item and scale information functions, assessment of person fit, differential item functioning, use of IRT in content-based interpretations, and use of IRT models in assessing change. These are fruitful topics for outcomes research. What the outcomes field needs now is more IRT applications in practice to improve the way we measure health. McHorney and Cohen provide this, and although we take slightly different approaches, we agree with their overall strategy. They also raise important topics for discussion, such as how to turn the results from IRT analyses into better measurement practices. A place to start would be with improvements in the communication of results across instrument developers and those who use their tools. Because secrecy about item content is not necessary in outcomes research, in contrast to traditional "testing," open collaboration and communication of item content and item calibrations should be easier. However, achievement of this objective requires changes in the way we design our studies. As stressed by the previous presenters, IRT item parameters are not populationdependent statistics. However, establishment of a standard metric useful to all requires standardization, norms, and the inclusion of a set of comparable items sufficient for cross-calibration. Perhaps standardized content and calibrations for some of the items contained in widely used forms should be made available to all for this purpose.
IRT constitutes only 1 step on the road to more practical and useful measures and more comparable results. We hope by our practical example to have illustrated how outcomes researchers can use IRT to make the transition from traditional data collection methods to dynamic assessments that can be optimized for a given purpose, with the advantages of checking data quality and response consistency in real time. Although IRT requires new skills and the software is not as user friendly as other presenters would like, this theory and accompanying methods have the potential to take the health outcomes field to a new plateau.
Participation
A total of 7,510 households were contacted. Of those, 3,827 had no eligible residents. Among the 2,148 eligible households, 1,533 (71.4%) had a resident who agreed to participate. Of these, 1,016 (66.3%) completed the interview.
Data Management and Analysis
Telephone interview data were converted into a SAS data set, and frequency distributions were generated to examine the data. Data management tasks were performed with SAS statistical software for Windows (version 6.12). Factor analyses were performed with Mplus, 6 and TestGraf, 9 was used for check of response options and item fit through nonparametric IRT analyses. Parscale 30 was used for item parameter estimation and check for differential item functioning. Finally, we performed analyses of residuals/item fit, analysis of person fit, information function analysis, and simulations of computerized adaptive testing using SAS for Windows (version 6.12).
Prevalence of Headache
The prevalence of headache in the past 4 weeks was 45.7%. Of the 1,801 individuals who did not report having a headache in the past 4 weeks, 35% reported having a headache in the past 3 months.
